ABSTRACT. Recent advances in computational epigenetics have provided new opportunities to evaluate n-gram probabilistic language models. In this paper, we describe a systematic genome-wide approach for predicting functional roles in inactive chromatin regions by using a sequence-based Markovian chromatin map of the human genome. We demonstrate that Markov chains of sequences can be used as a precursor to predict functional roles in heterochromatin regions and provide an example comparing two publicly available chromatin annotations of large-scale epigenomics projects: ENCODE project consortium and Roadmap Epigenomics consortium.
INTRODUCTION
Our understanding of computational epigenetics and their impact on epigenetic studies has rapidly expanded in recent years as a result of large-scale epigenetic projects. In 2011, the Encyclopedia of DNA Elements (ENCODE) project consortium released discrete annotation maps of chromatin elements from an analysis of the 9 epigenomes by applying unsupervised learning methodologies (Ernst et al., 2011) . Later, in 2015, the Roadmap Epigenomics consortium also released datasets from a joint analysis of 111 consolidated epigenomes and an additional 16 epigenomes from the ENCODE project (Roadmap Epigenomics Consortium, 2015) , resulting in 127 epigenomes.
The annotations in hg19 resulting from these two consortiums are hosted on the ENCODE Analysis Data Hub (UCSC Genome Bioinformatics, 2013) and on the Roadmap Genomics consortium's supplementary website (Wang Lab at Washington University in St. Louis, 2015) , respectively, for public download.
Considering that these datasets provide a vast number of segmented regions on the whole genome scale, a series of recent publications of chromatin maps has provided the opportunity to revisit n-gram language models for analyzing non-coding DNA regions. N-gram analysis of chromatin states of these projects may be valuable resources for investigating whether nucleotide sequences are conserved across the different chromatin states of the human genome, as well as the degree to which they are conserved (Smith et al., 1983; Borodovskii et al., 1986) .
N-gram models, most notably Hidden Markov models, have been extensively studied in the bioinformatics field (Yoon, 2009 ). However, the Markov properties of nucleotide sequences associated with the chromatin states of the whole human genome scale has never been investigated. This is likely because epigenetics is regarded as the study of heritable changes in gene activity that are not caused by changes in the DNA sequence, and thus few studies have explored the nucleotide sequence patterns associated with whole genome-wide chromatin maps. Thus, we recently performed preliminary experiments to test whether each of the different chromatin states of the ENCODE project possesses the Markov properties by applying Markov chains built from the annotation files of ENCODE Tier 1 cell types (Lee and Park, 2015) . Our simulation studies showed that some of the chromatin states had stronger Markov properties than other states.
Thus, the aim of this study, which is a follow-up to our previous study (Lee and Park, 2015) , is to present the preliminary findings that our model can be used to predict the Markovian chromatin states of functionally unknown regions of the human genome by analyzing the differences in annotations between the ENCODE project consortium (Ernst et al., 2011) and the Roadmap Genomics consortium (Roadmap Epigenomics Consortium, 2015) .
MATERIAL AND METHODS

Building preliminary Markov chains based on a single ChrommHMM BED file of ENCODE
Chromatin is as an instructive information carrier of DNA that can respond to external cues to regulate the many uses of DNA. The organization of chromatin into functionally distinct segments suggests the existence of conserved areas of nucleotide sequence patterns of each chromatin state on the whole genome scale.
In 2011, the ENCODE project consortium published 15 chromatin elements across the human genome (Ernst et al., 2011) by analyzing the data for modified histones. We used the Browser Extensible Data (BED) files generated by ChromHMM software (Ernst and Kellis, 2012; Lee and Park, 2014) to analyze sequence-based profiles to determine the nucleotide sequences in the 15 chromatin states that possess the Markov property (Lee and Park, 2015) . Figure 1 provides an overview of our previous study (Lee and Park, 2015) , showing a case of building 15 transition table Markov chains, parsing the BED files of common regions of the 1st tier cell lines of the ENCODE. Initially, nucleotide frequency profiles (with the human genome GRCh35/hg19) were used to build 15 preliminary transition tables for the Markov models, where the 15 chromatin states were active, repressed, and poised promoters (states 1, 2, 3), strong and weak enhancers (states 4, 5, 6, 7), putative insulators (8), transcribed regions (states 9, 10, 11), and large-scale repressed and inactive domains (state 12,13,14,15) (Ernst et al., 2011) . We then developed a Markov chain classifier, as the Markov chains can form a Naive Bayes classifier. Figure 1 shows how a chromatin state was predicted based on the nucleotide frequency profiles. Given a random sequence in the state of a cell line, we calculated the sequence of chromatin states that maximize the ) among the Markov chain models.
We explored whether this type of analysis would enable the classification of the chromatin states according to similarities in the n-gram counts. The prediction accuracy of each state differed significantly, and the results clearly showed that certain regions benefitted from a stronger Markov property than other regions (Lee and Park, 2015) . For example, the prediction accuracy of active promoter blocks (state 1) reached 85%, as shown in Figure 1 .
Based on these results, we then created the initial version of a sequence-based Markovian chromatin map, referred to as SeqChromMM and published on the github repository (https://github.com/KyungEunLee/SeqChromMM.git) (Lee and Park, 2016) .
Characterizing the overall variability of each chromatin state across the 9 cell lines
In the previous section, we described the overview of our preliminary study (Lee and Park, 2015) . However, if we build transition tables based only on cell-line specific models, noise will arise. Thus, the prediction accuracy of our model was trained and measured by only using the information contained in the BED files of erythrocytic leukemia cells (K562) or B-lymphoblastoid cells (GM12878).
However, a total of 9 BED files of ENCODE are publicly available. The other 7 cell lines of ENCODE are embryonic stem cells (H1ES), hepatocellular carcinoma cells (HepG2), umbilical vein endothelial cells (HUVEC), skeletal muscle myoblasts (HSMM), normal lung fibroblasts (NHLF), normal epidermal keratinocytes (NHEK), and mammary epithelial cells (HMEC) (Ernst et al., 2011) The epigenomic landscape of each cell can vary considerably.
We compared our prediction results in relation to the annotations of the other 7 cell lines (compared together), although the transition tables were built solely from the K562 and GM12878 cell lines (Lee and Park, 2015) . Associating our prediction results with nucleotide frequency information contained in each chromatin state of different cell lines is more complex and challenging.
To characterize the overall variability of each chromatin state across the 9 cell lines, the original ChromHMM blocks were uniformly dissected at a nucleosome resolution of 200 base pairs, and each of the 200-bp units was analyzed and assigned a new predicted chromatin state by our Markov classifier.
Next, we measured the consistency of each chromatin state at any given genomic position (200-bp resolution) across all 9 epigenomes together with our prediction results. Figure 2 illustrates some of our prediction results of K562-based Markov chains compared to the other 8 cell lines. Figure 2A shows the example 200-bp units (from chr1: 100,828,612 to chr1: 100,830,412) where K562 is annotated as state 1 of ENCODE annotation, but our global classifier predicted it as state 10 of ENCODE annotation. However, the other cells were all annotated as 10 or 11 (which are in the same broad group), suggesting that the region has a higher probability of displaying the Markov property of the transition state.
Additionally, the regions similar to that shown in Figure 2B (from chr1: 264,537 to chr1: 265,937) frequently occurred, where K562 is annotated as state 1, but most other cell lines were annotated as inactive states such as the 13 hetero-chromatin states. This is because the coverage of the annotation of K562 was relatively greater than for the 8 other cells.
Overall, coverage was relatively stable across the different cell types. However, there were exceptions. For example, H3K4me1-associated states were the most tissue specific, whereas the active promoter and transcribed states were highly constitutive. We observe that many positions of frequently variable chromatin states were the main reasons for our prediction errors. Figure 2C shows the units (from chr1: 71,542,012 to chr1: 71,545,812) of the genomic position of the most variable chromatin states. Figure 2D shows example units (from chr1: 8,759,613 to chr1: 8,765,013), in which the weak states were generally adjacent to the strong states. Thus, the potential boundary problem of 200-bp segmentations arises, and accordingly the prediction for weak states is more prone to prediction error.
Reducing the 15-state Markov chain models into 12-state models
Several studies show that the DNA sequence is highly predictive of nucleosome positioning and chromosome functions (Ioshikhes et al., 1996 , Lee et al., 2004 , Segal et al., 2006 , Whitehouse and Tsukiyama, 2006 Grewal and Jia, 2007; Lee et al., 2007; Peckham et al., 2007; Field et al., 2008; Schones et al., 2008; Tolstorukov et al., 2008; Yuan and Liu, 2008; Kaplan et al., 2009) . Thus, the SeqChromMM will become an important resource because it has the potential to construct the statistical models necessary to develop algorithms for predicting chromatin states or genes in relation to the vast number of biological assays of large-scale epigenetic projects.
To demonstrate the usefulness of our prediction results, we scrutinized the annotated regions of heterochromatin states of ENCODE and further investigated how these states were later annotated in the corresponding regions of Roadmap Genomics annotations.
To achieve this goal, we initially reduced our 15 state Markov chain model into 12 state Markov chain models, excluding inactive states, such as states 13, 14, or 15. These states were excluded from the training set because the population homogeneity among these 3 chromatin Markov chains observed in our previous study (Yoon, 2009) could not be assumed and low entropy according to the Kullback-Leibler distance test (Kullback, 1987) . Next, based on the study of overall variability of each 200-bp unit described in the previous section, we iteratively excluded the most variable 200-bp units from the training set and rebuilt the Markov chains. Figure 3 illustrates the distance matrix corresponding to the newly built transition tables of the 12 states of SeqChromMM. According to the Chi-square distance plot, state 3 (poised promoter) was somewhat distant from states 1 and 2 (active promoter and weak promoter, respectively), although states 1, 2, and 3 belonged to the same broad group of promoters according to the ChromHMM document (Ernst et al., 2011) . The behavior of state 6 (weak enhancer) also differed from the other enhancer states of 4, 5, and 7, while state 8 (insulator) showed a relatively different Markov property. 
RESULTS
Mapping ENCODE annotations to Roadmap Genomics annotations
Not only biological assays but also DNA sequences can play important roles in determining the chromatin states of the human genome. To demonstrate the usefulness of our study, we investigated the annotations of the heterochromatin regions of the Roadmap Genomics project, which were published in 2015 (Roadmap Epigenomics Consortium, 2015), whereas our Markov models were trained from the BED files of the ENCODE consortium, which were published in 2011 (Ernst et al., 2011) .
In Table 1A , the 15-state model of ENCODE: ENCODE consortium distinguished 15 different chromatin states. The 11 active states consist of active, weak, and poised promoters (states 1-3), strong and weak candidate enhancers (states 4-7), and strongly and weakly transcribed regions (states 9-11). The 4 inactive states consisted of polycomb repressed regions (state 12), heterochromatic (state 13), and repetitive states (states 14-15) (Ernst et al., 2011) .
In Table 1B , the core 15-state model of Roadmap Genomics: The Roadmap Genomics consortium distinguished 15 chromatin states. The 8 active states consist of active transcription start site (TSS) proximal promoter states (TssA, TssAFlnk), a transcribed state showing both promoter and enhancer signatures (TxFlnk), actively transcribed states (Tx, TxWk), enhancer states (Enh, EnhG), and a state associated with zinc finger protein genes (ZNF/Rpts). The 7 inactive states consisted of constitutive heterochromatin (Het), bivalent regulatory states (TssBiv, BivFlnk, EnhBiv), repressed Polycomb states (ReprPC, ReprPCWk), and a quiescent state (Quies) (Roadmap Epigenomics Consortium, 2015) . Table 1 summarizes the differences in annotations between ENCODE and the Roadmap Genomics consortium. Although both used the same number of chromatin states, the individual characteristics of each chromatin state differed. However, these two projects shared similar color codes according to functional roles of the chromatin states. For example, transcribed segments of both of the ENCODE annotations (state 9, 10, and 11) and Roadmap Genomics annotations (state 3, 4, and 5) were all green; inactive segments of both of the ENCODE annotations (state 12, 13, 14, and 15) and Roadmap Genomics annotations (state 13, 14, and 15) were pale colors such as gray, silver, or white. The original 15 states and their associated segment colors can be found on the ENCODE project page (Encode, 2011) and Roadmap Genomics project page (Wang Lab at Washington University in St. Louis, 2015) .
The original 15 states and their associated segment colors can be found on the ENCODE project page (Encode, 2011) and Roadmap Genomics project page (Wang Lab at Washington University in St. Louis, 2015). Additionally, there are fundamental differences in determining ChromHMM parameters between these two annotations. While the ENCODE consortium used 9 epigenomes and 9 histone markers (H3K4me3, H3K4me2, H3K4me1, H3K9ac, H3K27ac, H3K36me3, H4K20me1, H3K27me3, and CTCF) for setting ChromHMM parameters, the Roadmap Epigenomics consortium used a core set of five chromatin markers (H3K4me3, H3K4me1, H3K36me3, H3K27me3, and H3K9me3) and 60 epigenomes (Ernst et al., 2011 , Roadmap Epigenomics Consortium, 2015 . Four inactive or repressed states were clearly observed in ENCODE and 7 were observed in Roadmap Genomics.
Next, we examined how the same regions were annotated differently by parsing the ENCODE and Roadmap Genomics BED files. Table 2 shows how the blocks of the heterochromatin states (state 13) of the ENCODE project were mapped to the corresponding blocks of the Roadmap Genomics consortium across the 9 common cell lines. Using the E123 cell line (K562) as an example, the heterochromatin regions of ENCODE mostly mapped to the similar inactive states such as the Quies (63.92%) or ReprPCWk (10.95%) states in Roadmap Genomics. However, a noticeable portion of the originally heterochromatin regions in ENCODE annotations were annotated differently in Roadmap Genomics; particularly, 12.70% in the E123 cell line was annotated as TxWk (state 5: weak transition) in Roadmap Genomics (Table 2 ). The seventh row (horizontal red box) represents the E123 cell line. The fifth column (vertical red box) represents the 5_TxWk state. The heterochromatin regions of the E123 cell line of ENCODE are mostly mapped to the similar inactive states in Roadmap Genomics. Case study: analyzing heterochromatin regions of ENCODE annotations
We then examined the genomic regions annotated as inactive states (e.g., heterochromatin states) in ENCODE (Grewal and Jia, 2007) , but were annotated as other functional states (e.g., as TxWk) in the Roadmap Genomics project. We also compared the chromatin states of these regions with the SeqChromMM states. Figure 4 shows an example block (from chr1:75,980,199 to chr1:75,988,001) where the annotations of ENCODE, Roadmap Genomics, and SeqChromMM were substantially different. Figure 4A shows the annotation of ENCODE from chr1:75,980,199 to chr1:75,988,001 compared to our predicted result of SeqChromMM. There are 10 tracks, where the first track indicates the predicted annotations of SeqChromMM and the other tracks represent the ENCODE annotations for 9 different cell types. While the predicted states of SeqChromMM indicate that the regions were mostly transcribed regions (green color), the ENCODE annotations of 9 cell lines indicate that the states were heterochromatin or inactive states (grey or white color). Thus, the results of the SeqChromMM and ENCODE annotations did not agree. (Rosenbloom et al, 2015) for an example block from chr1:75,980,199 to chr1:75,988,001, where the annotations of ENCODE, Roadmap Genomics, and SeqChromMM were substantially different. Figure 4B shows the annotations of Roadmap Genomics of the corresponding region. However, a substantial portion of the same regions of these cell lines was annotated as weak transcription (green color) as shown in Figure 4B . The functional roles approximately agree with the predicted functional roles of SeqChromMM.
Based on this finding, we investigated the entire regions of the ENCODE heterochromatin states and compared the statistical distribution of chromatin annotations between the Roadmap and ENCODE projects across all 9 common cell lines. We also compared the predicted annotations of SeqChromMM with the annotations of Roadmap Genomics across the full range of the cell lines. Figure 5 shows the distribution of annotations of the 9 cell lines in regard to the regions annotated as TxWk in Roadmap Genomics (corresponding to the vertical red box in Table 2 ). The figure shows that the regions predicted as Txn_Elongation (state 10 of ENCODE) by SeqChromMM and TxWk (state 5 of Roadmap Genomics) coincided in more than 50% of cases across all 9 cell lines.
The result shown in Figure 5 shows that our proposed system can be used as a precursor to predict possible future chromatin states, even when they are inactive.
DISCUSSION
The degree to which genetics plays a role and what proportion of this is epigenetically determined are widely debated topics. Nevertheless, n-gram language analysis of nucleotide sequences can be used to predict epigenetic information.
In this study, we showed that Markov chains of nucleotide sequences can be used as a possible precursor for predicting the functional roles of inactive chromatin regions of the human genome, by providing a representative case in which our prediction results of unknown functional areas of human genome were compared with publicly available large-scale annotations.
Although our study is preliminary and we showed only one example, our results are significant because they prelude the potential use of Markov models of nucleotide sequences necessary for developing algorithms for the prediction of chromatin states in relation to the vast number of biological assays of large-scale epigenetic projects. Further studies are needed to improve this technique.
